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Clark, Quintana M. M.S., Purdue University, August 2014. Hybridity and 
Dynamics of an Individual’s Learning Styles. Major Professor: James Mohler. 
 
 
Based on Kolb Learning Style Inventory 4.0, the objectives of this research were 
to demonstrate the existence of hybrid learning styles and demonstrate the 
existence of dynamic learning styles between subject matters (mathematics and 
English). Understanding an individual’s dynamic distribution of learning styles 
might be used to further improve the quality of instruction, learning, and 
educational materials. Optimizing the quality of instruction, learning, and 
educational materials is important because careers in science, technology, 
engineering, and mathematics (STEM) fields are increasingly needed.  
Personalized learning has been identified as an area that could improve the 
quality of STEM education. Exploiting individuals learning styles may improve 
personalized learning. In this research approach a learning style inventory was 
given to 185 students in the College of Technology. Algorithms were developed 
to analyze learning ability, learning style, degree of hybridity, and dynamics. 
Results suggested that 43 percent of the students had a hybrid learning style at a 
confidence level of at least 99.99 percent. And 37 percent of the students had a 




CHAPTER 1.  INTRODUCTION 
Educational researchers have identified nine discrete learning styles, have 
measured the tendency of an individual to flex between learning styles, and have 
measured a distribution of learning styles over a sample population (Kolb & Kolb, 
2005a, 2005b, 2006). The objectives of this research were to extend learning 
style theory by demonstrating: (a) that individuals can possess hybrid learning 
styles and (b) that individuals can dynamically change their learning styles 
between different types of subject matter. 
The importance of understanding an individual’s learning style hybridity 
and dynamics might be to further improve the quality of their learning through 
corresponding modifications to lectures, reading materials, and other educational 
tools that best fit their individual needs. Improving the learning process was 
especially needed in the areas of science, technology, engineering, and 
mathematics (STEM). Improving the STEM learning process might increase the 
success and retention of those that have chosen to major in STEM, and may 
increase the attractiveness of STEM for those that fear its rigor. 
Statistics show that a child only has a four percent chance of working in a 
STEM field (NCES Digest of Education Statistics, 2001). Apparently, the one-




careers in STEM. Due to many problems associated with the one-size-fits-all 
education system, research into an area called personalized learning appears to 
be a potential solution. Personalized learning was identified by the National 
Academy of Engineers (NAE) as a 21st Century Grand Challenge. In doing so, 
the NAE earmarked government resources and challenged the nation’s best and 
brightest to find solutions that addressed the problems of STEM education 
through personalized learning. 
Decades of prior research in the areas of neuroscience and education had 
culminated into the identification of four learning abilities and nine learning styles 
(Kolb & Kolb, 2005a, 2005b). Computer-aided tools based on these findings were 
developed to identify an individual’s learning style, learning style flexibility, and 
the distribution of learning abilities (Kolb & Kolb, 2005b). However, investigations 
of learning style hybridity or dynamics had yet to be conducted or proposed. 
Initial research in these new areas was investigated herein.  
 
1.1 Statement of Purpose 
Personalized learning refers to instruction that is tailored to individual 
learner preferences and interests (Atkins, Bennett, Brown, Chopra, Dede, & 
Fishman, 2010). Although effective personalized learning is a difficult challenge it 
appears to have the potential to greatly increase the numbers of individuals that 
enter and succeed in the STEM areas of study. For instance, the NAE identified 




Personalization of learning makes learning more reliable and attainable 
across a broad spectrum of individuals (Sampson, Karagiannidis & Kinshuk, 
2010). Significant differences in learning styles exist, such as different learner 
strengths, and different preferences in the way that learner’s take-in, retain, and 
process information (Felder & Spurlin, 2005). These differences affect learner 
retention rates, study habits, and overall achievement motivation (Schmeck, 
1988). Learner strengths can be a preference of working with concrete 
information (facts, experimental data), abstract information (theories, symbolic 
information, mathematical models), visual presentation of information (pictures, 
diagrams, flowcharts, schematics), verbal explanations, (lectures, grow 
conversation), and still others may prefer the actual act of demonstration while 
observing and analyzing or even engaging in in-depth reflection and planning 
before actually attempting to take-in, retain, and process information (Felder & 
Spurlin, 2005). 
Personalized learning might also be effective in addressing the 
contemporary one-size-fits-all education system. And, learning styles might be 
useful in optimizing personalized learning. 
 
1.2 Significance 
This research may eventually help to increase the rates of individuals 
entering into and successfully completing STEM academic programs. Only about 
four percent of high school students go on to obtain a degree in STEM disciplines. 




that less than 40 percent of students pursuing undergraduate degrees in STEM 
majors completed their program. 
Such retention can be graphically illustrated as a leaky pipeline. Figure 1.1 
illustrates the leaking STEM pipeline analogy. The NCES Digest of Education 
Statistics (2001) reported that of the four million ninth graders in the US, less 
than half graduated from high school. Of those high school graduates, one third 
had no college plans and 56 percent of them were not ready for college. The 
STEM pipeline “leaked” over 96 percent of potential STEM graduates. 
 
Figure 1.1: Illustrates the leaking STEM pipeline. Data is from the NCES Digest 
of Education Statistics & Science Engineering Indicators, 2008.  
 
Identifying and addressing the problems causing the STEM pipeline leaks 
and achievement gaps with effective solutions may reduce the size of the STEM 




diversity in STEM. According to Tsui (2007) and Laws (1999), there were more 
than 500 reports dating back to 1983 addressing diversity problems in science 
and mathematics. Tsui stated that the reports are similar in their call for reform 
and can be easily summarized as including factors that involve personalized 
learning on some scale.  
A large majority of students fail to reach adequate levels of proficiency in 
K-12 education according to the United States Department of Education in its 
National Education Technology Plan 2010. For instance, an alarming 40 percent 
of African-American and Latino students fail to graduate K-12. Of the students 
that do graduate one-third of them are unprepared for postsecondary education 
(Stillwell, 2010). By 2016, it is predicted that four out of every 10 new jobs will 
require some advanced education or training (Dohm & Shniper, 2007), and half 
of the 30 fastest growing fields will require a minimum of a bachelor’s degree 
(Bureau of Labor Statistics, 2008). Secretary of Education Arne Duncan has said 
“the current state of the American educational system is economically 
unsustainable and morally unacceptable” (Duncan, 2010, p. 1). Therefore, 
making education an urgent priority of the Obama administration and the nation 
as a whole, as stated by The United States Department of Education National 
Education Technology Plan (2010). In an effort to address the failures of the 
American educational system, learning must take on a personalized approach 





1.3 Research Questions 
The two guiding research questions were:  
RQ1: Can an individual possess a hybrid learning style, which is 
comprised of two or more of the Kolb’s nine learning styles? 
RQ2: Can an individual dynamically change learning styles between 
subject matters (mathematics and English)? 
 
1.4 Assumptions 
Testing the validity of the above hypotheses was based on the following 
assumptions: 
1. The participants of the study fully understand the questions and will 
answer the questions truthfully. 
2. The sample is a large enough representative of the population to be 
statistically significant.  
3. The participants of the study are studying STEM disciplines and are 
diverse in gender, culture, age, and educational level. 
 
1.5 Limitations 
Issues that limited the survey data included the following.  
1. This study is non-longitudinal; i.e., the study does not involve repeated 
observations over a long period of time.  
2. The study is limited to Purdue University students majoring in STEM 




3. The study is bound by one to two semesters of a 16-week program.  
4. The study is limited by the time available from student participants. 




Delimitations in this effort included the following.  
1. There will not be an exhaustive set of questions and subject matter. 
2. This study will not consider any type of disability. 
 
1.7 Definitions of Key Terms 
For the purpose of this study the following terms are defined: 
Dynamic – Pertaining to some type of change in time or state. 
Dynamical Quantities – Pertaining to a range of quantities. 
Experimental Learning Theory – Draws form the work of prominent 20th century 
scholars such as “John Dewey, Kurt Lewin, Jean Piaget, William James, 
Carl Jung, Paulo Freire, Carl Rogers, and other” who placed experience 
as the central role in their theories of human learning and development 
(Kolb & Kolb, 2006, p. 47). The theory is composed of six propositions that 
are shared by the scholars (Kolb & Kolb, 2005a). 
Grand Challenges – The National Academy of Engineers (NAE) explains grand 




greatest potential to advance STEM fields and promote human wellness 
and sustainability.   
Hybrid Learning Styles – An individual’s learning style that is a continuum of 
intermediate states that exists between the Kolb’s nine discrete learning 
styles.  
Learning Cycle – The process of a learner cycling through the four phases of 
learning (Kolb & Kolb, 2005a) 
Learning Flexibility – Learning flexibility demonstrates your ability to move from 
learning ability to learning ability while modifying your approach to learning 
per the learning situation (Kolb & Kolb, 2006). 
Learning Abilities (four basic) – Abstract Conceptualization (AC) involves learning 
by thinking, analyzing ideas, systematically planning, and acting after 
acting intellectual consideration. Active Experimentation (AE) involves 
learning by doing, demonstrating ability, taking risks, and influencing 
people and situations. Concrete Experience (CE) involves learning by 
experience and specific experiences, and relating to people. Reflective 
Observation (RO) involves learning by reflecting, observing before making 
a decision, considering different perspectives of issues, and concentrating 
on the meaning (The Kolb Learning Style Inventory 4.0 Personal Report 
2013, p. 6).  
Learning Styles – Individual differences in learning (Kolb & Kolb, 2006). Different 




habitual and distinct modes of acquiring knowledge (Curry, 1991; Riding & 
Cheema, 1991). 
National Academy of Engineers – Created in 1964 by a non-profit government 
institution in the United States by the same congressional act that 
founded the National Academy of Sciences. The NAE is charged with 
developing and implementing engineering programs that target national 
needs, supports education and research, and honors the superior 
achievements of engineers. 
Personalized Learning – NAE refers to personalized learning as improved 
methods of instructions and learning, including ways to tailor the mind’s 
growth to its owner’s propensities and abilities.  
STEM – NSF grouped science, technology, mathematics, and engineering 
disciples into the acronym called STEM in the early 1990s (Sanders, 
2009). The STEM acronym was used to identify events, policies, 
programs, or practices that encompassed one or more of the STEM 
disciplines (Bybee, 2010). 
 
1.8 Chapter Summary 
After losing 30 percent of high school students to drop outs, only 44 
percent of the remainder was prepared for college at graduation. It was well 
known that the conventional one-size-fits-all educational system did not 
accommodate most individuals. As a consequence, the past few decades yielded 




the areas of STEM, where only four percent of high school students went on to 
obtain a degree in a STEM discipline. One target area that is identified by NAE to 
improve this problem is personalized learning. 
In this effort, the researcher contributed to personalize learning by 
extending the most contemporary methods of identifying learning styles into 
learning style distributions and dynamics. In doing so, the researcher expected to 
advance learning style theory to improve the development and design of 
instruction for the individual. The future impact of this research might lead to the 
extension of learning style theories, tools that help individuals become aware of 
the dynamics of their own learning styles, tools that help individuals modify their 
learning styles, customized online lectures, customized instructional material, 







CHAPTER 2. LITERATURE REVIEW 
Over the past three decades, cognitive scientists have made significant 
progress toward understanding how the brain receives and processes 
information with respect to the learning process (Hawk & Shah, 2007). A key 
question in understanding how an individual learns best: What facilitates teaching 
and what hinders learning (Brent & Felder, 2011)? Research indicates that 
learning is a complex convergence of many processes such as student’s 
motivation, teacher instruction, learning material, and several other aspects that 
interact with each other (Hawk & Shah, 2007). Research also indicates that few 
teachers, especially in higher education, are taught the basis of cognitive science 
– the learning process (Brent & Felder, 2011; Felder & Spurlin, 2005; Hawk & 
Shah, 2007). As a result, educators are “unfamiliar with the existence of different 
learning style models and their potential to inform and enhance the learning 
process or are uncomfortable experimenting with or utilizing learning styles other 
than their own preference” (Hawk & Shah, 2007, p. 1). This means that 
educators either teach in a style they prefer to learn, or default to a teaching style 
that they were taught (Brent & Felder, 2011; Hawk & Shah, 2007). Either of the 
two options can interfere with learning and fail to motivate and promote learning 




broad area of learning styles in Section 2.1. Beginning in Section 2.2, the 
researcher focuses on the most recent learning style research, which is the base 
of this work. 
 
2.1 Literature Review of Learning Style Models 
Learning styles are preferred learning methods that enable humans to 
learn more efficiently (Gilbert & Han, 1999). All humans have learning 
preferences. They may or may not be aware of their learning preferences. When 
these learning preferences are introduced into a learning environment, they 
enhance and promote understanding of material, thus creating a positive learning 
experience (Brent & Felder, 2011; Hawk & Shah 2007). Over the last 30 years 
there was a slow and steady call for teaching and learning to embrace a more 
personalized pedagogy that addresses the individual’s learning styles. There are 
several different learning style models that outline the individual’s preferred 
learning style. Following is a brief discussion about a few of the more popular 
learning style models that were used throughout academia and industry such as 
the Gregorc Style Delineator, the Dunn and Dunn Productivity Environmental 
Preferences Survey, the VARK Questionnaire, and the Kolb Learning Style 
Inventory (KLSI). 
 
2.1.1 Gregorc’s Style Delineator (GSD) 
Gregorc’s Style Delineator (GSD) is based in phenomenological research 




that provide clues about the mediation abilities of individuals and how their minds 
relate to the world and, therefore, how they learn” (Gregorc’s work, 1979, p. 19 
as cited in Hawk & Shah, 2007). Gregorc’s theories indicate that and individual’s 
learning style derives from natural predispositions that are open to environmental 
modification. That is, people learn from and relate through environmental 
influences. These environmental influences allow people to learn from four 
bipolar, continuous mind qualities: abstract and concrete perception, sequential 
and random ordering, deductive and inductive processing, and separative and 
associative relationships (Gregorc’s work, 1979, p. 19 as cited in Hawk & Shah, 
2007). The GSD analysis tool is available commercially through Gregorc’s 
website (www.gregorc.com/). There is limited research that supports the 
validation of the GSD (Hawk & Shah, 2007). 
 
2.1.2 Dunn and Dunn Productivity Preferences Survey 
The Dunn and Dunn Productivity Environmental Preferences Survey or 
PEPS defines learning style as “the way in which individuals begin to concentrate 
on, process, internalize, and retain new and difficult information” (Dunn & Dunn’s 
work, 1975, p. 353 as cited by Hawk & Shah, 2007). Dunn and Dunn proposed 
five learning style stimuli that have five elements within each stimulus. These 
include “Environmental (sound, light, temperature, and room design), Emotional 
(motivation, persistence, responsibility, and structure), Sociological (learning 
alone, in a pair, with peers, with a teacher, and mixed), Physiological (perceptual, 




Psychological Processing (global or analytic, hemisphericity, and impulsive or 
reflective)” (Hawk & Shah, 2007, p. 9). Dunn and Dunn’s PEPS model is 
available commercially. There are over 42 scholarly works that validate Dunn and 
Dunn’s PEPS model.  
 
2.1.3 VARK Questionnaire Fleming Model 
The VARK Questionnaire Fleming model (2001) is a sensory model and is 
an extension of the neuro-linguistic model (Eicher 1987 work as cited by Hawk & 
Shah, 2007). The acronym represents for (V) visual, (A) aural, (R) read/write, and 
(K) kinesthetic. The theoretical foundation behind VARK defines learning styles 
as an individuals preferred way of gathering, organizing, and thinking about 
information (Hawk & Shah, 2007). Fleming (2001) presents scholarship that 
supports the use of the VARK model. However, there appears to be no other 
research works on the validity or reliability of VARK. 
 
2.1.4 Kolb Experiential Learning Theory Model 
The Kolb Experiential Learning Theory model reflects and extends the 
theories of notable 20th century scholars: “John Dewey, Kurt Lewin, Jean, Piaget, 
William James, Carl Jung, Paulo Freire, Carl Rogers, and others” (Kolb & Kolb, 
2005a, p. 194). These scholars developed their theories of learning and 
development with respect to learning styles with an emphasis on personal 
experience (Kolb & Kolb, 2005a). From the theories of these scholars, a whole 




2005a). ELT defines learning as “the process whereby knowledge is created 
through the transformation of experience” (Kolb & Kolb, 2005a, p. 194). The 
interplay between the individual and environment creates a conceptual ecology 
of learning/development spaces. This ecology is composed of the learner’s 
immediate environmental setting such as course work, dorm life or family life, 
practice of institutional policies and procedures, and involvement in campus 
culture. (Kolb & Kolb, 2005a). It is this ecology of learning spaces that is the 
theoretical framework for this work on the distribution and dynamics of an 
individual’s learning styles.  
 
2.2 Theoretical Framework 
Kolb and Kolb’s conceptual ecology of learning spaces supports the 
dynamics of learning style and the interplay between an individual’s experiences 
and environment. Decades of research on learning styles, where thousands of 
individuals were tested, have culminated in the identification of nine basic types 
of learning styles: Initiating, Experiencing, Imagining, Reflecting, Analyzing, 
Thinking, Deciding, Acting, and Balancing (Kolb & Kolb, 2006). The learning 
styles are defined in Table 2.1.  
Recently it was discovered that each of the nine learning styles is a 
function of a common set of four learning cycles also known as learning abilities: 
Abstract Conceptualization (AC), Active Experimentation (AE), Concrete 
Experience (CE), and Reflective Observation (RO) (Kolb & Kolb, 2006). 




learning style of the individual may be identified. The four learning abilities are 
defined in Table 2.2. The information listed in Table 2.1 is cited from Kolb and 
Kolb, 2006. The information listed in Table 2.2 is cited from Kolb Learning Style 
Inventory 4.0 Personal Report, 2013. 
Table 2.1: The Nine Basic Learning Styles (Kolb Learning Style Inventory 4.0 
Personal Report, p. 7).   
Learning Style Definition 
Initiating Initiating action to deal with experiences and situations  
Experiencing Finding meaning from deep involvement in experience  
Imagining Imagining possibilities by observing and reflecting on experiences 
Reflecting Connecting experience and ideas through sustained reflection 
Analyzing Integrating ideas into concise models and systems through reflection 
Thinking Disciplined involvement in abstract reasoning and logical reasoning 
Deciding Using theories and models to decide on problem solutions and courses of action 
Acting A strong motivation for goal directed action that integrates people and tasks 
Balancing Adapting by weighing the pros and cons of acting versus reflecting and experiencing versus thinking 
 
Table 2.2: The Four Basic Learning Cycles of Abilities (Kolb Learning Style 
Inventory 4.0 Personal Report, p. 6).  
Learning Cycle Definition 
Abstract 
Conceptualization  
Logically analyzing ideas, planning systematically, acting 
on an intellectual understanding of the situation 
Active  
Experimentation  
Showing ability to get things done, taking risks, 
influencing people and events through action 
Concrete  
Experience  
Learning from specific experiences, relating to people, 
being sensitive to feelings of people 
Reflective 
Observation 
Carefully observing before making judgments, viewing 
issues from different perspectives, looking for the 




2.3 Learning Cycle of Ability 
From the field of neuroscience, it was discovered that a “learning cycle 
arises naturally from the physiological structure of the brain” (Zull, 2002, p. 19). 
The link between neuroscience research and experimental learning theory (ELT) 
is suggested in The Art of Changing the Brain: Enriching Teaching by Exploring 
the Biology of Learning (Zull, 2002). With respect to the brain’s structure and the 
learning cycles discussed in Section 2.2, Concrete Experiences (CE) comes 
through the sensory cortex located at the back of the brain, Reflective 
Observation (RO) involves the temporal integration cortex at the bottom of the 
brain, Abstract Conceptualization (AC) happens in the frontal integrative cortex of 
the brain, and Active Experimentation (AE) takes place in the motor portion of the 
brain. An illustration of a learning cycle and their correlation to regions of the 
cerebral cortex was shown in Figure 2.1. The four phases of the learning cycle in 
Figure 2.1 are not necessarily sequential as shown and the learning cycle may 
begin in any one of the four phases. Some phases of the cycle may be passed 
over. 
The learning cycle (AC, AE, CE, and RO) may be determined through 
survey testing. Leading researchers in this area have developed an institute 
(Experienced Based Learning Systems, Inc. www.learningfromexperience.com) 
and software tools (KLSI) for researching and practicing experienced based 
learning. An example of the type of questions used in one of the KLSI surveys 
was illustrated in Figure 3.3. After an individual completes such a survey, the 




style template to identify their learning style. Figure 2.2 depicts a template that 
was used by KLSI to identify an individual’s learning style based upon four levels 
of the learning cycles. Lines connecting the four learning cycles form a four-sided 
polygon called a “kite”. The shape of the kite was used to indicate which of Kolb’s 
nine learning styles the individual had. The discrete learning style that is chosen 
was the style that most closely matched the shape of the kite. It appeared that 
the refinement of Kolb’s nine learning styles into a continuous distribution of 
styles, and how such styles might dynamically change in the individual, was not 
investigated.  
 
Figure 2.1: Portions of the experimental learning cycle corresponding to partitions 
of the cerebral cortex (Zull, 2002). 3D rendered illustration of human head with 






Figure 2.2: The nine kite shape relationships between learning ability and 
learning style (Kolb & Kolb, 2005b). 
 
2.4 Chapter Summary 
There was strong evidence of the connection between the structure of the 
brain and the phases of the learning cycle. Research showed some success in 
determining the learning styles of individuals through the analysis of surveys 
based on participant preferences. Some open questions that had yet to be 
investigated appear to be in testing dependency of the learning style on 
dynamical (the range of) quantities (RQ2), and hybrid learning styles which are 
an individual’s learning style that is a continuum of intermediate states that exists 






CHAPTER 3. RESEARCH METHODOLOGY 
The purpose of this research study was to identify hybridity and dynamics 
of learning styles. A Qualtrics survey was used to collect learning ability data 
from a sample. The data was analyzed using algorithms that were specifically 
designed to identify and measure hybridity and dynamics of learning styles. In 
this chapter the researcher discussed the hypotheses, the structure of the survey 
that was used, the data collection method, and how the data was analyzed. 
 
3.1 Hypotheses 
The research questions (RQs) were: RQ1: Can an individual possess a 
hybrid learning style, which is comprised of two or more of Kolb’s nine learning 
styles? Figure 3.1 illustrated a refined hybrid learning style. 
 
Figure 3.1: Illustration of a hybrid learning style, which is comprised of a 
distribution of two or more of Kolb’s nine learning styles. Such a find in the survey 




RQ2: Can an individual dynamically change learning styles between subject 
matters (mathematics and English)? Figure 3.2 illustrated learning style of 
subjects (mathematics and English) as a function of dynamics. 
 
Figure 3.2: Illustration of learning styles dynamics, as a function of two dynamical 
quantities. Each plane is a measure of learning style. Each dynamical quantity is 
of a subject matter (mathematics and English). Such a find in the survey data 
supports research question RQ2. 
 
As discussed in Section 2.3, the latest research determined a link between 
the learning abilities from the field of neuroscience and the learning styles from 
the field of education (Zull, 2002). Studies showed that an individual’s learning 
style (Table 2.1) can be determined by analyzing the individual’s learning abilities 
(Table 2.2). Figure 3.3 illustrated the graphical link (or kite shape) between 
learning ability and learning styles. For example, if an individual had nearly equal 
levels of AC and AE, and nearly equal levels of RO and CE, yet the levels of AC 
and AE were higher than CE and RO, then that individual was identified as 





Figure 3.3: Illustration of the connection between learning ability and learning 
styles. 
 
In this work, the researcher investigated the feasibility of refining the 
individual’s learning style by considering the intermediate states that might exist 
between Kolb’s nine discrete learning styles. For instance, Figure 3.1 illustrated a 
possible test outcome that may support RQ1, where an individual’s learning style 
was identified as existing somewhere between Deciding, Acting, Thinking, and 
Balancing. Such a hybrid learning style can be identified as a distribution of 
Kolb’s nine discrete learning styles. In this particular example, the individual 
might be identified as having a learning style that was 25% Deciding, 25% Acting, 





3.2 Survey Design and Approach 
An online survey tool called Qualtrics (www.qualtrics.com) was used to 
collect survey data from participants. Potential survey participants were notified 
of the survey as an assignment listed on their course syllabus, issued by course 
section instructors.  
The survey active parameters were as follows. Participants were given 
three months to complete the survey. Participants were given the option to stop, 
save, and return to the survey within the three month period and the option to 
print a portable document format (PDF) of their completed survey. This survey 
was a one-time survey. All data was collected at the end of the three month 
period. The data does not contain any identifying student information. 
The format of the survey consisted of several multiple choice questions 
that sought to determine the participant’s learning ability. As discussed in 
Chapter 2, there are four learning abilities: AC, AE, CE, RO (see Table 2.2). The 
survey allowed the student to record the level of these abilities by asking indirect 
questions in various ways that might suggest what ability the participants prefer. 
The survey asked four pairs of questions, each with four sub-questions, for the 
two subjects of mathematics and English. Each pair of identical questions was 
chosen to apply to both subjects.  
Each sub-question corresponded to each of the four learning abilities. The 
multiple choice answers for each sub-question was: (5) Exactly like me, (4) More 
like me, (3) Less like me, (2) Not at all like me, and (1) Does not apply. Survey 




This survey methodology modified the Kolb Learning Style Inventory (KLSI) 
instrument (Kolb & Kolb, 2005) as follows. The KLSI multiple choice answers did 
not have a choice of “Does not apply”, and identical answers were not allowed. 
Kolb’s inventory instrument used a forced-choice format. For instance, the 
answer choices of prior research was limited to choosing one answer choice per 
sub-question that read “Least like you”, “Less like you”, “More like you”, and 
“Most like you”. However, if the test taker’s true answer was “Never like you”, 
then a selection of “Least like you” would not accurately capture the participant’s 
true answer. In addition, the participant could not choose the same answer 
choice for any two sub-questions. Kolb and Kolb’s (2005) study acknowledged 
that his force-choice instrument is in contrast to the more normative or free-
choice instruments. Although there is ongoing debate in research literature about 
the merits of forced-choice instruments, Kolb and Kolb’s (2005b) work, The Kolb 
Learning Style Inventory –Version 3.1 Technical Specifications stated in-part the 
following about normative or free-choice and ipsative or force-choice survey 
methodology.  
The “pragmatic empiricists” argue that in spite of theoretical statistical 
arguments, normative and forced-choice variations of the same instrument 
can produce empirically comparable results. Karpatschof and Elkjaer 
(2000) advanced this case in their metaphorically titled paper “Yet the 
Bumblebee Flies.” With theory, simulation, and empirical data, they 
presented evidence for the comparability of ipsative and normative data. 




and normative scores when forced choice involved a large number of 
alternative dimensions (Kolb & Kolb, 2005b, p. 11). 
Saville and Wilson (1991) stated that ipsative or force-choice “is used for two 
main reasons: the better control of response sets and to reflect the position that 
life is about choices” (p.221). Saville and Wilson’s (1991) work further discussed 
the statistical limitations ipsative or forced-choice is inherently subject to. 
To avoid statistical bias and statistical limitations, thus increasing 
statistical accuracy of answers, the researcher refined the answer choices to a 
ranked range free-choice format from 1 to 5. Participants were able to choose the 
same answer for one or more of the sub-questions. A finer distribution of learning 
styles was expected because the KLSI survey lists 20 questions and each 
question contained four sub-questions relating to Kolb’s four learning abilities 
(AC, AE, CE, and RO). There were only four forced-choices for each of the four 
sub-questions, which were “least, less, more and most like you.” This meant that 
each of the 20 questions had 4! = 24 possible answers. Because there were 20 
questions, each with 24 possible answers, then there were a total of 2420 (4 
octillion) possible outcomes of the KLSI survey, which is much greater than the 
nine discrete outcomes that survey is grouped into. This is why the identification 
of a hybrid learning style was expected to be realized. 
Nevertheless, the KLSI survey could be directly used in this researcher’s 
analysis of hybridity. However, KLSI cannot be used to measure learning style 
dynamics, because the KLSI does not directly appeal to a type of subject matter. 




questions and format, a custom survey was developed for the study of learning 
style hybridity and dynamics. 
An example of the structure of the survey questions in KLSI was shown in 
Figure 3.4, where several related questions are grouped together and where the 
participant answered by choosing a radio button that most closely represents 
their true answer out of four choices. The structure of the learning style 
distribution survey in this research effort modified the KLSI structure by refining 
the answer choices in groups of learning ability and questions that were 
separated by rows and columns. The researcher’s modified survey was shown in 
Table 3.1. It consists of a set of related questions that were parsed into rows and 
columns. This type of survey format optimizes the time required to complete the 
survey.  
There was prior work in the areas of an individual’s ability to flex from one 
learning style to another learning style, and of an individual’s ability to acquire a 
learning style based on their experiences (Kolb & Kolb, 2006). Such results lead 
to the question of learning style dynamics. In this study, dynamics include 
investigating how learning style changed with subject matter. Subject matter may 
include type of lecture, textbook, lecture notes, study methods, and subject 
matter. A graphical illustration of learning style dynamics was shown in Figure 
3.2. For example, the two dynamic quantities in this research were a learning 
style plane for mathematics and a second plane for English. 
Instead of a longitudinal self-reporting study that observed individuals over 




approach used with this study was a self-reporting cross-sectional survey design 
where all data was collected over a defined period of time. Self-reporting surveys 
ask individuals to recall and report about their own experiences in a particular 
situation (Spector, 1994; Goodman, Meltzer, Bailey, 1998). As noted by Spector 
(1994) self-reporting can give way to skepticism and criticism especially within a 
cross-sectional survey design. As reported “there seems to be relatively little 
criticism in the literature of self-reporting as measures of people’s feelings and 
perceptions” (Spector, 1994, p. 386). The main focus of criticism in self-reporting 
is in the use as indicators of the objective (Spector, 1992). Because each 
member of the sample has an equal and known chance of being selected to 
participate in the survey, a random sampling was administered.  
 
 







































































































1. When I prepare for class… 
AC …I logically analyze ideas.           
AE 
…I show my 
ability to get 
things done. 
          
CE 
…I leans from 
specific 
experiences. 






          
2. When I work in groups… 
AC …I plan systematically.           
AE …I take risks.           
CE …I relate to people.           
RO 
…I view issues 
from different 
perspectives. 
          
3. When I study for exams… 
AC …I rely on logical thinking.           
AE 
…I work hard 
to get things 
done. 
          
CE …I listen and watch carefully.           
RO 
…I trust my 
hunches and 
feelings. 
          
4. When I learn best by… 
AC …thinking.           
AE …doing.           
CE …watching.           






3.3 Population and Sample 
Participants were undergraduate Purdue University students studying a 
STEM major in the College of Technology. In particular, the participants were 
enrolled in Tech 12000, Design Thinking in Technology course. Tech 12000 was 
one of the first core courses in the College of Technology. The course was 
comprised of seven sections of about 40 students each. Of the enrolled students 
N=185. The participants of the study were diverse in gender, age, ethnicity, 
educational level, and major. The 12 different majors identified were Aeronautical 
Engineering Technology (AET), Aviation Management Technology (AMT), 
Building Construction Management (BCM), Computer Graphics Technology 
(CGT), Computer and Information Technology (CIT), Electrical and Computer 
Engineering Technology (ECET), Electrical Engineering Technology (EET), 
Engineering Technology Teacher Education (ETTE), Industrial Technology (IT), 
Manufacturing Engineering Technology (MET), Organizational Leadership and 
Supervision (OLS), Professional Flight Technology (PFT), and other. “Other” 
implied that a major was yet to be chosen. Figures 3.5, 3.6, 3.7, 3.8, and 3.9 
illustrated the ratios of participant’s demographic information. 
Participants had an opportunity to win a cash prize of $50.00, receive 
extra credit, and learn about one’s learning style as an incentive for participating 









Figure 3.6: Ratio of age group demographics. 174 (94%) were 18-25, 8 (4%) 
were 26-34, 2 (1%) were 35-54, and 1 (1%) was 55 and over. 
 
 
Figure 3.7: Ratio of ethnicity demographics. 139 (75%) identified as White, 30 






Figure 3.8: Ratio of class status demographics. 66 (36%) identified as Freshman, 
71 (38%) Sophomore, 35 (19%) Junior, and 13 (7%) Senior. 
 
 
Figure 3.9: Ratio of student per major demographics. 32 students identified as 
studying OLS, 29 CGT, 27 MET, 22 Other, 18 BCM, 11 CIT, 10 ECET, 10 IT, 9 
AMT, 6 AET, 5 EET, 4 PFT, and 2 ETTE.  See Section 3.3 the definitions of 
acronyms. 
 
3.4 Data Analysis 
The statistical analysis in this work was a modification of the analysis done 




question comprised four sub-questions pertaining to each of the four learning 
abilities (AC, AE, CE, and RO) in random order. The Kolb Learning Style 
Inventory (KLSI), version 4 online system (2013) only allowed the test taker to 
choose from a set of four answers “least, less, more and most like you,” where 
no two of the answers could be identical within a set of sub-questions – a forced-
choice format. A weighted numerical value was given to each choice. After the 
20-question survey, the total scores for each of the four learning abilities were 
plotted and scaled in terms of normative percentile scores (see Section 4.4). The 
scores form a shape of a kite that is matched to one of Kolb’s nine learning styles 
based upon the closest fit. See Figure 4.2 for an illustration of kite shapes. 
A normalized distribution (see Section 4.4) of the sample from the 
participants was used to determine percentile scores. The values from the 
answers were totaled and used to determine the sizes and shapes of kites which 
were then positioned on a grid (See Figure 4.2). The size of the kite correlated to 
the strength of the individual’s identification with a particular learning ability, and 
the shape of the kite was used to identify the precise hybrid learning style. From 
this data, learning style dynamics among subject matter was determined. 
In determining the learning style of hybrid kite shapes, the question was 
what is the margin of error for identifying the kite shape of a learning style? For 
instance, a learning style that consisted of three identical learning abilities was 
not represented as any of Kolb’s nine learning styles. The researcher determined 




Section 4.5). That is, any delta that was greater than the threshold delta 
corresponds to a hybrid learning style, thereby supporting RQ1. 
The researcher used a ranked scale that allowed for an answer choice of 
“does not apply” and allowed the participants to rank all answer choices with any 
ranking. The survey consisted of four sets of questions. Each set containing four 
sub-questions that were designed to measure an individual’s learning ability for 
either mathematics or English subject matters. A demographic form was used to 
collect data pertaining to the participants’ quantifiable characteristics at the given 
time of the survey and was used for research purposes only. 
 
3.5 Required Authorizations 
This research received approval from the Institutional Review Board (IRB). 
See Appendix A for a copy of approval. Research exemption level of approval 
was necessary as this research only involved anonymous survey procedures. 
 
3.6 Chapter Summary 
The survey questions used in the analysis leveraged the Kolb Learning 
Style Inventory (KLSI), version 4 online system (2013) survey by testing for each 
of the learning abilities per question set. However, the survey was different by 
asking a different set of questions. The questions were designed to probe the 
participants for various learning ability dependencies. Instead of quantizing the 
test outcome to one of Kolb’s nine learning styles, this study explored the new 






CHAPTER 4.  AUTOMATION OF LEARNING STYLE ANALYSES 
In an effort to analyze survey data for RQ1 and RQ2, the researcher 
developed a set of original algorithms that parsed the data to identify the nine 
learning styles, measure margin of error (see Section 4.5), identify hybrid 
learning styles, and measure learning style dynamics. In what is to follow the 
researcher discussed the algorithms used in this study to automate the analysis 
of research questions RQ1 and RQ2.  
Original algorithms were developed for this type of analysis to determine 
learning style and minimize an objective function. Matlab was chosen for 
developing the required algorithms due to its matrix routines and built-in functions 
for rapid prototyping (Moore, 2007; MathWorks, http://www.mathworks.com).    
 
4.1 Algorithm Flow Chart for Measuring Hybridity and Dynamics 
Figure 4.1 showed a flow chart of the algorithms that represent the 
automation of learning style analysis, which pertains to research questions RQ1 
and RQ2. Sections 4.2 through 4.5 described each of the algorithms. The section 
number for each algorithm is identified in the flow chart. As implied by the flow 
chart, learning style inventory survey data in the form of an NxQ matrix is 
provided as Survey Input, where N is the number of survey participants and Q is 




Depending on the ranking order of multiple choice questions, some survey 
tools may enumerate radio choices in the reverse order. In this case, the answer 
choices of the survey matrix were corrected by using the ID Reverse algorithm 
(Section 4.2).  
The survey matrix was then passed to the Average LAs algorithm (Section 
4.3), which determined the averages for learning abilities for each of the students 
in each subject. The output of Average LA is an Nx4 matrix, where each column 
corresponds to the average learning ability (Abstract Conceptualization (AC), 
Active Experimentation (AE), Concrete Experience (CE), and Reflective 
Observation (RO) of each student.  
The output of Average LA is passed to Normalized Percent LAs (Section 
4.4), where the survey participant’s learning ability scores were computed into 
normalized percentages (see Section 4.4). This was necessary for comparing 
one student to another. For instance, if one student’s learning abilities (AC, AE, 
CE, and RO) were ranked 1 1 2 2, and another is ranked 2 2 4 4, then their 
relative learning ability preferences were virtually equivalent in this study. The 
output of this algorithm is an Nx4 matrix, where the columns are the normalized 
percentages of learning abilities.  
The normalized percentage matrix was then passed into the margin of 
error (Section 4.5) algorithm that determined the smallest margin of error (delta) 
for each student, which was necessary for each student to fit into one of nine 




Last, the results pertaining to research questions RQ1 and RQ2 were 
determined (see Chapter 5). That is, hybridity was determined by comparing 
each student’s smallest delta to the average delta from all students, and 
dynamics were determined by comparing the learning style of each subject for 
each student. 
 
Figure 4.1: Flow chart of algorithms.  
RQ1 - Hybridity 
1. Find average smallest delta 
2. If student’s smallest delta > then their 
average smallest delta then student is of 
hybrid learning style 
 
RQ2 - Dynamics 
1. Use student’s smallest delta  
2. If student’s math learning style ≠ 
student’s English learning style then 




4.2 Reversal of Answer Choice Ranking 
The learning style analysis was based on the ranking of learning ability. 
Here, it was assumed that the higher the rank, the higher the preference to a 
particular learning ability. Therefore, the learning ability preference data must be 
properly ranked. If the data was in the opposite order (based on how the survey 
tool reported its multiple choice answer) then the algorithm provided in Appendix 
A could be used to reorder the ranking into the proper format.  
The input of the algorithm was the NxQ matrix. The number of rows were 
computed and used to determine how many students’ answers needed to be 
modified. The columns were used to determine the number of answers per 
student that required modification. The reversal process was done by reversing 
the answer choices rank order from 5 to 1 to 1 to 5.   
 
4.3 Average Learning Ability 
The survey (detailed in Section 5.1) queried for learning ability in multiple 
ways requiring calculation of average learning ability for each student per 
learning ability. The algorithm shown in Appendix B parsed the data into an Nx4 
matrix of average learning abilities (AC, AE, CE, and RO). The rows correspond 
to the student and the columns correspond to the four learning abilities. For 
instance, matrix element (1, 1) was the average AC value for the first student and 
element (5, 4) was the average RO value of the fifth student. A special case was 
when a survey participant did not answer a question. The survey tool assigned a 




removed from learning style analysis. The algorithm input was the survey data in 
matrix form, whereas the algorithm output was an average for each participant’s 
learning style in matrix form. To account for the answering of some questions, 
but not all questions, the algorithm only considered answered questions. As 
illustrated in Appendix B, averages for each subject were computed separately.  
 
4.4 Normalizing Learning Ability Data Set 
For the purpose of this work, the terms normalizing and normalization 
denote the process of adjusting survey ratings measured to a common scale to 
achieve comparability (Jin & Si, 2004; Lauw, Lim, & Wang, 2012). For comparing 
the learning ability results of each student, achieving rating comparability among 
individual ratings, normalization of ratings was done. Steps taken to normalize 
data were as follows. Step 1: identify the minimum and maximum ratings of the 
data set and represent them with variables A and B. Step 2: identify the minimum 
and maximum values of the normalized sale and represent those variables with 
lower case a and b. Step 3: calculate normalized values of original data set by 
using the equation a+(x-A) b-a / (B-A), where x = any number in the original data 
set.  
Ratings were converted to a normative percentile based on a total sample 
of N=185 ratings from survey participants.  The algorithm used to convert 
learning ability averages to normalized percentages was shown in Appendix C. 
The input to the algorithm was an Nx4 matrix of average learning abilities (AC, 




abilities.  As shown in Appendix C, the code called average for each participant’s 
learning ability, then converted that average to a normalized percent by dividing 
each ability (AC, AE, CE, and RO) by the sum total abilities AC+AE+CE+RO, 
then multiplying by 100 to arrive at the normalized percent. 
 
4.5 Margin of Error (Delta) in Determining Learning Style 
As discussed in Chapter 2, learning style can be determined graphically 
by plotting a participant’s learning abilities to form a kite, and then estimating 
which ideal kite most closely matched the participant’s kite. The shapes of ideal 
kites are shown in Figure 4.2.  
 






For example, the ideal kite for the Balancing type of learning style has 
equal levels of learning abilities: AC = AE = CE = RO = 25%. However, a 
participant that may be perceived as having a Balancing learning style may have 
values of learning abilities that are close, but not quite equal, such as: (AC = 23%) 
~ (AE = 25%) ~ (CE = 27%) ~ (RO = 25%). In this case, the smallest margin of 
error (delta) that can be added to each ability is delta = +/-2%, in order to allow 
the learning abilities to possibly equal each other. For the Balancing learning 
ability, the algorithm searched for a delta that satisfied: (AC +/- delta) = (AE +/- 
delta) = (CE +/- delta) = (RO +/- delta). However, in this example, the true values 
of AE and RO were equal, and the value of CE was greatest and AC was 
smallest. Now if CE happened to be even larger, and AC happened to be even 
smaller, then one might presume that the participant’s learning style is of type 
Experiencing. So the question was, at what point was the cut-off between a kite 
that was identified as Balancing and a kite that was identified as Experiencing? 
Figures 4.3, 4.4, and 4.5 show graphical illustrations of how a delta that is too 
large accommodates more than one learning style and how the smallest delta 





Figure 4.3: Illustration of a large delta that accommodates more than one 
learning style kite. 
 
 
Figure 4.4: Illustration of a smaller delta thus isolating Deciding learning style kite. 
 
 
Figure 4.5: Illustration of the smallest delta possible accommodating only one 




The algorithm for determining the smallest margin of error determined the 
cut-offs by searching for the smallest delta that fit the participant’s learning 
abilities into at most one learning style. If the delta was too large, then a 
participant might be considered to be all nine learning styles, and if the delta was 
too small, then a participant might not fit into any learning style.   
The kite shape coordinates are enumerated as 1-corner, 2-side, 3-corner, 
4-side, 5-middle, 6-side, 7-corner, 8-side, and 9-corner. In determining the 
learning style of non-ideal kite shapes or hybridity, the question was what is the 
margin of error for identifying the kite shape of a learning style? For instance, a 
learning style that consists of three identical learning abilities was not 
represented as one of the nine learning styles, yet it was a likely result. Appendix 
D shows the algorithm for determining the smallest margin of error (delta) that 
was required to show hybridity in learning styles. Any delta that was smaller than 
this would not match any learning style, which is defined (in Chapter 3) as a 
hybrid learning style. The researcher determined hybridity threshold by 
computing the average smallest margin of error. That is, any delta that was 
greater than the threshold delta corresponds to a hybrid learning style, thereby 
supporting RQ1. Learning style dynamics was found by comparing the learning 
styles of mathematics versus English. If the learning styles were not equal, then 
the hypothesis (RQ2) was supported.  
The algorithm to determine the smallest delta works as follows. Using a 
Nelder–Mead search algorithm (Mathews & Fink, 2004), the smallest delta was 




ability (alpha); a positive delta (beta); and smallest delta. Figures 4.6a and 4.6b 
illustrates how the Nelder-Mead minimization search algorithm was used to 
determine the objective function that must be minimized to find the smallest delta.  
 
Figure 4.6a: Illustration of how the Nelder-Mead minimization search algorithm 
minimizes the objective function. 
 
 




The output of the function was the scalar: alpha + beta + delta. If a 
learning ability was found, then alpha was 0 (minimized), otherwise alpha was 1 
(maximized). If delta was positive then beta was 0 (minimized), otherwise beta 
was 1 (maximized). Delta should be any real value equal to, or greater than, 0; 
however, it should be minimized so that the participant’s abilities correspond to 
only one learning style. The search for the smallest delta ended when the 
objective (alpha + beta + delta) is minimized.  
 
4.6 Chapter Summary 
Developing custom algorithms were necessary in determining hybridity 
and dynamics of learning styles. The algorithms were developed to parse the 
survey data for identification of learning styles that made up hybrid learning 
styles (RQ1), and determine if an individual’s learning styles were dynamic in at 
least two subject matters (mathematics and English) (RQ2). By identifying a 
survey participant’s preferred learning ability averages and converting those 
averages into normalized percentages, the researcher could then determine the 
smallest margin of error (delta). The delta that was greater than the threshold 
delta corresponded to a hybrid learning style, which supports RQ1. Learning 
style dynamics was found by comparing the learning styles of mathematics 
versus learning styles of English. If the learning styles were not equal, then the 







CHAPTER 5. RESULTS 
In this chapter, the researcher presents the format of the survey and the 
analysis of the results. The results included testing of hybridity (RQ1), dynamics 
(RQ2), the average learning styles of various demographics, and the preferred 
learning styles.  
 
5.1 Survey Format and Survey Results 
The format of the survey consisted of several multiple choice questions 
that sought to determine the participants learning ability. As defined in Chapter 2, 
there were four learning abilities. The survey attempted to identify and rank these 
abilities by asking indirect questions that might suggest what ability the 
participant prefers. 
The survey asked four identical pairs of questions for each subject under 
investigation, and four learning ability sub-questions, for a total of 32 questions. 
Each sub-question corresponds to the four learning abilities. The survey 
questions were chosen such that they apply to both subjects under investigation, 
and each question comprised four sub-questions corresponding to the four 
learning abilities: Abstract Conceptualization (AC), Abstract Experimentation (AE), 
Concrete Experience (CE), and Reflective Observation (RO). The multiple choice 




me, (2) not at all like me, or (1) does not apply. For example, Table 5.1 shows 
one survey question along with its sub-questions and hypothetical answers.  
Survey participants were allowed to choose the same value for two or 
more of the sub-questions. All four learning abilities were queried multiple times 
because not all students apply or perceive particular learning abilities the same 
way. That is, two students may have had the same learning ability, yet apply 
them differently, which is why asking them to rank the same ability by answering 
different questions with different points of view was expected to increase the 
confidence in obtaining a more accurate ranking. 
The format and relatively low number of questions in the survey was in an 
effort to optimize the time spent in taking the survey. For instance, the length of 
this survey is 81% less than the KLSI in determining learning style. The row-
column splitting of the questions enabled survey takers to more quickly answer 
related questions either by rows or by columns, as their preference dictated.   
The output format of the survey data is shown in Table 5.2, which is in the 
form of an NxQ matrix, where N is the number of rows (number of students) and 
Q is the number of columns (number of questions). In this study, there were 
N=185 survey participants and Q=32 survey questions. This NxQ matrix is 
supplied to the main algorithm illustrated in the flow chart in Figure 4.1. Figure 




























































































1. When I prepare for class… 
AC …I logically 
analyze 
ideas 
5         1 
AE …I show 
my ability to 
get things 
done 
 4       2  




  3      2  





    1 5     
 
 
Table 5.2: Format of survey outcome. 
Q1 … Q2 
Math English … Math English 
AC AE CE RO AC AE CE RO … AC AE CE RO AC AE CE RO 
5 1 2 4 4 3 1 1 … 3 4 2 1 1 5 5 3 
5 4 5 2 1 3 4 4 … 1 2 3 4 2 3 2 1 
… … … … … … … … … … … … … … … … … 







Figure 5.1: Data matrix (NxQ where N is the row number of students and Q is the 
column number of questions) of first 23 survey participants learning ability 
answers.  
 
5.2 Research Questions RQ1 (Hybridity) and RQ2 (Dynamics) 
The objectives of this research were to investigate the existence of hybrid 
learning styles (RQ1) and investigate the existence of dynamic learning styles 
between at least two subject matters (RQ2).  
To demonstrate that the survey and algorithms satisfy a Kolb’s learning 
style inventory, a smallest difference (smallest delta) was found. The process 
used to determine delta was described in Section 4.5. The results are shown in 
Figures 5.2 (bar chart), 5.3a, and 5.3b (Histograms).  
To determine hybridity, each student’s delta (see Section 4.5) was 




delta was chosen as the threshold between a hybrid and a discrete Kolb learning 
style. That is, if a student’s smallest delta was larger than the average smallest 
delta, then the student’s learning style did not fit into any one of Kolb’s nine 
learning styles; therefore, the student’s learning style was identified as being 
hybrid, which supported the hypothesis of RQ1 for mathematics or English.  
The results of this analysis are shown in Figure 5.2, where it was found 
that 41% (76/185) of the students were identified as having hybrid learning styles 
in mathematics and 44% (81/185) of the students were identified as having 
hybrid learning styles in English.  
To determine dynamics, a comparison was done between Kolb’s learning 
styles of one subject to another subject. If the learning styles were different, then 
that supported the hypothesis of RQ2. The results of this analysis are shown in 
Figure 5.2, where it was found that 36% (67/185 students) used a different 
learning style for the two subjects of mathematics and English. 
Histograms showing the distributions of the smallest deltas for 
mathematics and English were shown in Figures 5.3a and 5.3b. The average 
smallest delta was plotted along the x-axis and the number of students was 
plotted along the y-axis. The x-axis is partitioned into 50 bins. Each bin had a 
width of 0.16, where the first bin was 0 to 0.16 and the second bin was 0.17 to 
0.32 and so on. The average of the smallest deltas for mathematics was 1.83 
and 1.45 for English. The average smallest delta is identified by a red vertical line 
in each plot. What is shown is that only a small number of students had a very 




their kites are just a small margin of error away from an ideal kite. The average 
delta is shown as the vertical line in Figures 5.3a (mathematics) and 5.3b 
(English). 
 
Figure 5.2: Bar chart showing hybridity and dynamics. These results strongly 
support hypotheses RQ1 and RQ2. 
 
 
Figure 5.3a: Histogram indicating average smallest delta required for each 
student’s kite to match an ideal kite defined by Kolb. The vertical red line 
identifies the average smallest delta for mathematics (1.83). Any student with a 
delta >1.83 is categorized as having a hybrid learning style in mathematics. Also 






Figure 5.3b: Histogram indicating average smallest delta required for each 
student’s kite to match an ideal kite defined by Kolb. The vertical red line 
identifies the average smallest delta for English (1.46). Any student with a delta 
>1.46 is categorized as having a hybrid learning style in English. Also shown is 
the standard deviation of which, 13% of participants are outside of one standard 
deviation. 
 
5.3 Preferred Learning Styles 
Demographic data corresponding to the students’ major, gender, and age 
were collected and compared by average learning style.  
Twelve majors were identified from the Survey. These major were: 
Aeronautical Engineering Technology (AET), Aviation Management technology 
(AMT), Building Construction Management (BCM), Computer Graphics 
Technology (CGT), Computer and Information Technology (CIT), Electrical and 
Computer Engineering Technology (ECET), Electrical Engineering Technology 




Technology (IT), Manufacturing Engineering Technology (MET), Organizational 
Leadership and Supervision (OLS), Other, and Professional Flight Technology 
(PFT). “Other” implied that a major had yet to be chosen.  
As shown in Figure 5.4 the six AETs had an average learning style of 
Balancing for mathematics and Acting for English. The nine AMTs had an 
average learning style of Balancing for mathematics and Thinking for English. 
The 18 BCMs had an average learning style of Balancing for mathematics and 
Analyzing for English. The 28 CGTs had an average learning style of Reflecting 
for mathematics and Thinking for English. The 11 CITs had an average learning 
style of Balancing for mathematics and Imagining for English. The Nine ECETs 
had an average learning style of Balancing for both mathematics and English. 
The Five EETs had an average learning style of Balancing for mathematics and 
Acting for English. The Two ETTE had an average learning style of Reflecting for 
mathematics and Balancing for English. The Ten ITs had an average learning 
style of Balancing for mathematics and Experiencing for English. The 27 METs 
had an average learning style of Balancing for mathematics and Analyzing for 
English. The 32 OLSs had an average learning style of Balancing for 
mathematics and Analyzing for English. And the Four PFTs had an average 
learning style of Imaging for mathematics and Balancing for English. A complete 





















Figure 5.4: Illustration of kite shape of average learning style for each of the 12 
identified majors. The numbers next to each learning ability (AE, CE, RO, and 
AC) equal the percentage of students that identified with that perticular learning 
ability. Also shown are the average learning styles for category “Other” which 
were identified as several other majors from around campus. 
 
Averages learning style kites corresponding to gender are shown in Figure 
5.5. There were 45 were female and 145 were male students. Females had an 
average learning style of Balance in mathematics and Thinking in English. Males 







Figure 5.5: Illustration of kite shape of average learning style per gender. 75% 
(145) were male and 25% (45) were female. The numbers next to each learning 
ability (AE, CE, RO, and AC) equal the percentage of students that identified with 
that perticular learning ability. 
 
Average learning style kites corresponding to age group is shown in 
Figure 5.6. There were 173 were between the ages of 18-25 with an average 
learning style of Balancing in mathematics and Thinking in English. Eight were 
between the ages of 26-34 with an average learning style of Balancing in both 
mathematics and English. Two were between the ages of 35-54 with an average 
learning style of Analyzing in mathematics and Reflecting in English. One was 55 






Figure 5.6: Illustration of kite shape of average learning style for each age group. 
173/94% were between the ages of 18-25, 8/4% was 26-34, 2/1% was 35-54, 
and 1/1% was 55 or older. The numbers next to each learning ability (AE, CE, 





As shown in Figure 5.7 the overall average leaning style for mathematics 
was Acting and the overall average learning style for English was Initiating. 
 
Figure 5.7: Overall average learning styles for both mathematics and English. 
The numbers next to each learning ability (AE, CE, RO, and AC) equal the 
percentage of students that identified with that perticular learning ability. 
 
5.4 Test of Significance 
Two different statistic tests were used in this work. The KS-test 
(Kolmogorov-Smirnov) statistic was used to test the equality of two different 
distributions. The KS-test is not limited to normal distributions; however, the 
number of samples in each pair of distributions being compared must satisfy 
N1*N2/(N1+N2) ≥ 4. The KS-test measures if a pair of distributions is from the 
same distribution. In the results below a p-value less than or equal to 0.05 was 
used to reject any null hypotheses. 
The t-test statistic was used to test that distribution means were reliably 
different from each other. The t-test compares a pair of normal distributions and 
is not limited by sample size. The t-test compared the variance between the 
means of a pair of distributions to the variance within each distribution. In the 




hypotheses. Skewness and kurtosis measurements were used to determined 
distribution normality.  
 
5.4.1 Significance of RQ1  
To test the null hypothesis that individuals with hybrid learning styles and 
individuals with identified Kolb’s learning styles were of statistically significant 
results, independent samples t-test were performed for both mathematics and 
English results (RQ1 math and RQ1 English). As seen in Figure 5.8 the 
distribution of the deltas were skewed to the right and since neither distribution 
was normal a KS-test was also preferred. However, a t-test was also used due to 
its robustness. Hear the researcher determined if the mean of the hybrid learning 
style deltas were statistically different than the mean of the Kolb learning style 
deltas. Recall form Section 4.5, the size of delta determined the difference 
between hybrid learning styles and Kolb’s learning styles. The relationships 
between sample and delta size for both mathematics and English were shown in 
Figures 5.3a, 5.3b and again below in Figure 5.8. The hybrid deltas are to the 
right of the average delta and the Kolb deltas are to the left of the average delta, 
where the vertical red line indicates the average smallest delta for mathematics 





Figure 5.8: Histograms indicating the deltas for mathematics and English 
subjects, which are the difference between hybrid learning style kite shapes and 
Kolb’s learning style kite shapes. 
 
As shown in Table 5.3, the distribution of individuals with hybrid learning 
styles and individuals with Kolb’s learning styles in both mathematics and English 
were skewed to the right, thus sufficiently normal for the purposes of conducting 
t-test. Scores were approximately normally distributed with a skewness of 1.052 
(SE = .179) and a kurtosis of 1.244 (SE = .355) for RQ1 mathematics and a 
skewness of 1.689 (SE = .179) and a kurtosis of 4.178 (SE = .355) for RQ1 
English. P-values for both mathematics and English were p = .000 (Pallant, 2010). 
Table 5.3: KS-test (normality test) results. 




(Std. Error .179) 
1.244 




(Std. Error .179) 
4.178 





The assumption of homogeneity of variance for both hybrid learning styles 
and Kolb’s learning styles for RQ1 mathematics and RQ1 English were tested 
and satisfied. RQ1 mathematics results were t-value = 18.1 and p-value = -000 
(1.0933e-042). RQ1 English results were t-value = 15.4, and p-value = -000 
(3.8022e-035). The independent samples t-test was associated with a statistically 
significant effect, where p-value was the probability that a completely random set 
of data would yield the same results and t-value was the ratio of variance 
between means divided by the variance within the distributions. 
Table 5.4: Independent samples t-test results for RQ1 math and RQ1 English 
(hybridity of learning styles). 
95% Confidence Interval t  P-value 
RQ1 math  18.1  -.000 
RQ1 English 15.4  -.000 
 
5.4.2 Significance of RQ 2  
To test the null hypothesis that at least one pair of learning abilities (AC 
AE CE, and RO) are statistically significantly different for an individual thus 
indicating dynamics of learning styles (RQ2 dynamics of learning), an 
independent samples t-test was performed. In order for an individual to 
demonstrate dynamics of learning styles either one of the conditions must be true: 
ACmath ≠ ACEnglish, AEmath ≠ AEEnglish, CEmath ≠ CEEnglish, or ROmath ≠ ROEnglish. The 





The assumption of homogeneity of variance for both individuals with 
dynamic learning styles and individuals with non-dynamic learning styles RQ2 
math and RQ2 English were tested and satisfied. The independent samples t-test 
was associated with a statistically significant effect, where p-value was the 
probability that a completely random set of data would yield the same results and 
t-value was the ratio of variance between means divided by the variance within 
the distributions. As shown in Table 5.5, RQ2 mathematics and English results 
were t-value average = 3.39, t-value std = 1.17, t-value maximum = 8.66, t-value 
minimum = 2.44 where in order for an individual to demonstrate dynamics of 
learning styles either of one of the conditions must be true: ACmath ≠ ACEnglish, 
AEmath ≠ AEEnglish, CEmath ≠ CEEnglish, or ROmath ≠ ROEnglish.  The p ≤ 0.05 therefore 
reject the null hypothesis. 
Table 5.5: Independent samples t-test results for RQ2 (dynamics of learning 
styles). 
95% Confidence Interval t-average t-Std t-max t-min P-value  
RQ2 mathematics, English 3.39 1.17 8.66 2.44 0.05 
 
5.5 Chapter Summary 
The results of this study included testing of hybridity and dynamics (RQ1 
and RQ2), the average learning styles of various demographics, and the 
preferred learning styles.  
To determine hybridity (RQ1), each student’s delta was compared to the 
average of the smallest delta. If a student’s delta was larger than the average 




nine learning styles therefore indicating hybridity. The results of this study 
determined that on average 42 percent of participants tested showed hybridity of 
learning style in mathematics and 44 percent of participants showed hybridity of 
learning style in English.  
To determine dynamics (RQ2), a comparison was done between Kolb’s 
learning styles of one subject to another subject. A variance in learning styles 
between the two subject matters indicated dynamics in learning styles thereby 
supporting RQ2. The results of this study indicated that 36 percent of participants 
used a different learning style for both mathematics and English, supporting the 
possibility of dynamics in learning style.  
The results of average learning styles based on demographics such as 
college major, gender, and age indicated a variance in learning styles.  For 
instance, the average learning style for males in mathematics was Analyzing and 
Reflecting in English while the average learning styles for females in 
mathematics was Balancing and Thinking in English. As indicated in this chapter 













CHAPTER 6. CONCLUSION AND RECOMMENDATIONS 
Personalized learning was one of the fastest growing areas of research 
and one of the most popular concepts associated with the goals of a 21st century 
educational system tasked with increasing the nation’s numbers in STEM. The 
National Academy of Engineers (NAE) identified personalized learning as a 21st 
century grand challenge. This research attempted to contribute to personalized 
learning concepts by focusing on the dynamics of the distributions of learning 
styles of an individual. In particular, the objectives of this research were to: (a) 
determine if an individual possessed a hybrid learning style, which is comprised 
of two or more of Kolb’s nine learning styles (RQ1) and (b) determine if learning 
style distributions are dynamic in subject matters (mathematic and English, RQ 
2).  
As stated earlier in this work, the last 30 years has witnessed a steady call 
for teaching and learning to embrace a more personalized pedagogy that 
addresses the individual’s preferred learning style. As such there are a number of 
different learning style models that inventory for an individual’s discrete preferred 
learning style based on a believed theory of learning. The researcher mentions 
four such models in the literature review section of this work that are used 
throughout academia and industry (Gregorc Style Delineator, Dunn and Dunn 




Experiential Learning Theory Model). The purpose of this body of work is to 
neither agree or disagree in anyway with the fore mentioned learning style 
models and there anchor of theories. However, this body of work contributed to 
the field of learning style through the introduction of hybrid learning styles and 
learning style dynamics. 
As discussed in Chapter 5, the results of this study identified hybridity and 
learning style dynamics in both mathematics and English majors. In addition, 
results of this study indicated learning style dynamics among different 
demographic variables. Results suggested that of the 185 students surveyed 
42% had a hybrid learning style in mathematics and 44% had a hybrid learning 
style in English at a confidence level of at least 99.99%. And 36% of the 
participants had a dynamic learning style at a confidence level of at least 95%. In 
what is to follow the researcher discussed what was learned from both research 
questions one and two and recommendations for future research. 
 
6.1 Conclusion 
Years of research in the area of learning style preferences have 
culminated into the identification of nine discrete learning styles. Researchers 
have also been able to measure the ability of how well a learner may flex 
between a pair of learning styles. However, prior research appears to stop short 
of considering the intermediate states between the discrete learning styles, and 




This study extends learning style theory by demonstrating statistical 
evidence that supports the hybridity and dynamics of learning styles. Results of 
this study indicated that a significant percentage of students possessed a 
learning style that does not fit into any of Kolb’s nine learning styles. Results 
showed that students not only have the ability to switch between learning styles, 
but that a significant percentage of students automatically switch learning styles 
depending on a given subject matter.  
The survey instrument that was created for this study allowed students to 
choose which order to answer questions: by learning ability, by pre-question, by 
post-question, or by subject matter. Results showed that on average the survey 
was completed in less than ten minutes, which was in many cases 75 percent 
faster than previous learning style survey instruments. In particular, this study 
surveyed 185 students. 42 percent of the students did not fit into one of Kolb’s 
nine learning styles when studying mathematics and 44 percent did not fit into 
one of Kolb’s learning styles when studying English. 36 percent of the students 
switched learning styles between the subject matters of mathematics and English. 
Demographic data was also collected in this study. However, a larger 
sample size is required for stronger confidence of the correlations between 
demographics and learning styles. The results revealed differences in learning 






In what is to follow the researcher discussed recommendations for future 
research in the areas of determining learning styles and the application of 
learning styles to help strengthen our nations efforts to increase the numbers of 
individuals that study STEM majors thereby entering STEM careers. 
Research question one asked if an individual could possess a hybrid 
learning style, which is comprised of two or more of Kolb’s nine learning styles. 
Recommendations for further exploration in determining hybridity among Kolb’s 
nine learning styles would include enhancing the survey instrument to include life 
experiences as well as academic experiences. A key element of experiential 
learning theories is that emphasis is placed on personal experiences as well as 
academic experiences. The survey instrument used in this study focused on 
learning styles with respect to two subject matters that being mathematics and 
English.  
Zull, 2002 determined a link between learning abilities from the field of 
neuroscience and the field of learning style (Table 2.2). Further exploration of the 
link between learning ability and learning style could assist in determining survey 
instrument enhancements thereby furthering investigations into refining learning 
style by considering the intermediate states that existed in this study. 
Research question two asked if an individual could dynamically change 
learning styles between subject matters, specifically mathematics and English. 
Recommendations for further exploration in determining learning style dynamics 




learning style dynamics that explored several subject matters as well as specific 
work related personal experiences. To fully explore learning style dynamics a 
longitudinal study could assist in identifying correlations between academic and 
personal experiences that may or may not drive dynamics of learning styles. A 
longitudinal study could assist in observing participants non-manipulated 
academic and personal experiences for a more refined investigation into learning 
style dynamics. Finally, a longitudinal study could assist the researcher in 
distinguishing short-term from long-term phenomena. For example, In the case of 
academics a course that may be outside of or not related to the general course 
offerings such as mathematics and English. In the case of personal experiences 
an experience that is out of the norm for an individual or a onetime experience.  
Recommendations for further exploring demographic correlations could 
include searching for correlations between demographic groups and identified 
learning styles, hybrid learning styles, and dynamics of learning styles. Searching 
for standard deviations could give strong indications of variations between 
academics and personal experiences, which are theorized to be key factors of 
experiential learning theories. For this matter identifying correlations and 
standard deviations could greatly enhance analytics especially when used with a 
survey instrument to include larger sample sizes greater than ~30 for each 





6.2.1 Application of Learning Style Instruments 
Recommendations for application of a more refined learning style 
instrument include instructional design models, personal learning enhancement 
aids, and online learning material. 
Application of a more refined learning style instrument could greatly assist 
the quality of instruction, learning, and educational standards to include a more 
personalized instruction that which appeals to a broader audience. Application of 
learning style instruments could assist in quicker identification of an individual’s 
preferred learning style. This is important because individuals that successfully 
complete studies in STEM majors and enter a STEM career are increasingly in 
demand. As illustrated in Figure 1.1, 40 percent of college students that begin 
studies in a STEM major fail to complete their STEM studies. The one-size-fits-all 
education system currently in place is lagging behind in preparing students for 
careers in STEM fields. Application of learning style indicators could greatly 
increase individual’s knowledge of how they learn thus increasing an individual’s 
motivation to achieve what might have otherwise seemed like difficult material to 
learn thus further widening the STEM achievement gap. Research states that 
individuals that have high academic achievement motivation have high academic 
success, thereby achieving higher professional and personal growth (Schunk, 
Pintrich, & Meece, 2008). 
In this effort, the researcher contributes to personalized learning by 
extending the most contemporary methods of identifying learning styles. The 




development and design of instruction. The future impact of this research might 
lead to the extension of learning style theories, tools that help individuals become 
aware of the dynamics of their own learning styles, tools that help individuals 
modify their learning styles, customized online lectures, customized instructional 
material, and customized websites. Furthermore, the results of this study are 
expected to contribute to the exploration of STEM disciplines by building robust 
academic and career research skills and developing and nurturing student-faculty 
mentor relationships through acknowledgment of the many different ways to 
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